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his study presents a lightweight deep learning pipeline for violence detection in public 
place surveillance imagery. The central idea is to perform offline key frame selection 
before model training so that redundant, transitional, and visually ambiguous frames 

are discarded, and only informative violent or non-violent scenes are retained. Unlike clip-
level methods that rely on dense temporal stacks or computationally heavy 3D networks, the 
proposed approach uses curated key frames to construct a balanced 7,000-image dataset and 
then trains a transfer learning classifier on those frames. Images are resized to 256 × 256, 
normalized, and augmented before being processed by a ResNet-50 backbone, followed by 
two fully connected layers of 512 and 256 units and dropout regularization. On Hockey Fight 
dataset test images, the model achieves 97.25% accuracy, 97.62% precision, 96.45% recall, and 
97.03% F1-score, outperforming EfficientNet-B0 and VGG-19 under the same experimental 
pipeline. The results indicate that careful offline frame curation can provide a practical 
compromise between computational efficiency and recognition performance for early violence 
screening in surveillance settings. The paper also discusses current limitations, including 
manual curation bias, the absence of explicit temporal modeling, and the lack of actor-level 
localization. 
Keywords: Violence Detection; Public-Place Surveillance; Key-Frame Selection; Activity 
Recognition; Transfer Learning; ResNet-50. 
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Introduction: 
Video surveillance has become a standard component of public-safety infrastructure 

in smart cities, transport hubs, campuses, and commercial environments. The rapid growth of 
visual monitoring systems has increased the demand for automatic recognition models that 
can assist human operators by flagging unusual or dangerous events in real time [1][2]. Among 
these tasks, violence detection is especially important because delayed intervention can lead to 
injuries, property damage, and broader public panic. A practical surveillance model must 
therefore balance recognition accuracy, computational efficiency, and robustness to the 
variability of real-world scenes. 

Despite substantial progress in deep learning, violence detection remains difficult in 
unconstrained public environments. Many existing systems are built for clip-level classification 
and depend on optical flow, stacked video frames, recurrent networks, or other spatiotemporal 
modules that increase computational cost [3][4][5][6][7][8]. In addition, several published 
methods focus primarily on whether a video clip is violent, while giving less attention to where 
the violent interaction occurs, how multiple people are socially engaged in the event, or how 
redundant and ambiguous frames affect model learning. For public-place monitoring, long 
video streams contain large numbers of repetitive frames, and training directly on all of them 
can introduce redundancy, blur, transition artifacts, and label noise. 

This study investigates a lighter alternative: instead of relying on dense temporal input, 
it first performs offline key-frame selection to construct a balanced and visually informative 
image dataset, and then trains a transfer learning classifier on those curated frames. The 
proposed contribution is therefore not a full spatiotemporal localization model; rather, it is a 
scene-level violence detector designed for early screening. Its novelty lies in using key-frame 
selection as a dataset-construction stage that removes redundant and uncertain frames before 
training, thereby improving data quality for a lightweight classifier. The revised manuscript 
also positions this contribution more explicitly against existing literature, clarifies the 
experimental setup, and discusses the limitations that remain for temporal reasoning, 
localization, and annotation reliability. 
The main contributions of the study are as follows: 

An offline key-frame curation pipeline that constructs a balanced 7,000-image dataset 
by filtering visually ambiguous and redundant frames from public online surveillance sources. 

A transfer learning framework based on a pre-trained ResNet-50 backbone with a 
lightweight two-layer classification head for binary violence recognition. 

A unified experimental comparison against alternative pre-trained backbones using the 
same data pipeline, training environment, and evaluation metrics. 

A critical discussion of methodological limitations, including manual curation bias, 
incomplete temporal modeling, and the absence of actor-level localization. 
Related Work: 

Early violence detection research relied on hand-crafted motion descriptors, optical-
flow statistics, or engineered scene cues. Representative studies by [9], [10], and [11] 
established the importance of motion and interaction patterns in surveillance video, but these 
methods generally required carefully designed features and struggled with large appearance 
variation. 

With the rise of deep learning, violence detection systems began to use CNNs, 3D 
CNNs, and hybrid CNN–SVM or CNN–RNN architectures. [4] showed that 3D convolutions 
can capture spatiotemporal patterns effectively, while [5] combined 3D CNNs with SVM 
classification. [6] proposed an efficient surveillance-oriented framework, and [12] used a deep 
learning pipeline for violence recognition in video data. These studies improved accuracy, but 
most of them still depend on video clips or motion modeling during inference. 
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Recent work has expanded this direction using transformers, skeleton cues, attention 
modules, and increasingly specialized datasets. [7] combined human skeletons, change 
detection, and ConvLSTM aggregation to obtain an efficient real-time system. [8] proposed 
CrimeNet, a Vision Transformer with neural structured learning that improves ROC-AUC 
and reduces false positives across challenging datasets. [13] employed key-frame identification 
with 3D CNNs and CBAM attention, [14] introduced a shallow 3D CNN for more lightweight 
inference, and [15] used a video Swin Transformer to analyze crowd size and violence level. 
Related work on interaction recognition also shows that modeling interpersonal behavior can 
be highly informative for surveillance understanding [16] Beyond these studies, 2024 literature 
further broadened the field with attention-guided 2D CNNs [17], end-to-end real-time 2D 
CNN pipelines [18], fused-feature surveillance models [19], comprehensive reviews of 
research gaps and cross-dataset weakness [20][21], transformer-based post-processing for 
cross-dataset robustness [22], new benchmark datasets [23], workshop-scale transformer 
systems such as CUE-Net [24], multi-head attention plus LSTM pipelines [25], and efficient 
deep-feature sequential analysis for more realistic settings [26]. 

Although these studies are strong, they also reveal a gap relevant to the present paper. 
Most recent methods are clip-based and therefore require temporal stacks, pose extraction, 
graph reasoning, or transformer-style video modeling [17][18][22][24][25][26]. Such designs 
are powerful but can be computationally expensive and difficult to deploy in settings where 
quick screening is needed. The 2025 literature continues this trend through stronger image-
based baselines [27], hybrid surveillance systems that combine violence recognition with 
anomaly detection and re-identification [28], graph-based skeleton analysis [29], identity-aware 
graph plus 3D-CNN fusion [30], and keyframe-focused excitation networks [31]. At the same 
time, recent reviews and benchmark papers emphasize persistent problems in generalization, 
annotation consistency, and realistic public-surveillance coverage [20][21][22][23]. The present 
work addresses only part of this gap by improving frame quality through offline key-frame 
selection and by preserving visible interaction context inside each training image. However, it 
remains a scene-level classifier and does not solve full actor-level localization or temporal 
reasoning. 
Proposed Method: 

Figure 1 summarizes the overall workflow adopted in this study. The pipeline begins 
with frame collection from public online sources, proceeds through offline key-frame 
selection, preprocessing, and augmentation, and ends with model training, testing, and scene-
level classification. 

 
Figure 1. Overall workflow of the proposed violence-detection pipeline. 

Dataset Construction and Offline Key-Frame Selection: 
The training data were assembled from public online violence and non-violent sources. 

The primary candidate pool reported in the original study contained 11,063 frames, including 
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5,832 violent frames and 5,231 non-violent frames. Additional samples were collected from 
Rob flow Universe search results related to violence-related imagery. After screening and class 
balancing, the final curated dataset contained 7,000 images, with 3,500 violent and 3,500 non-
violent samples. 

The key novelty of the dataset pipeline is the role assigned to key-frame selection. In 
many prior studies, key-frame extraction is part of a video model and is used to select frames 
dynamically during temporal inference [13] In contrast, the present work uses key-frame 
selection offline, before training, as a data-curation stage. The purpose is to remove redundant, 
transitional, and visually uncertain frames so that the learning algorithm sees a more 
informative set of examples. This makes the selection step model-agnostic and reduces the 
amount of low-value visual redundancy passed to the classifier. 

Because the curation process was manual, it can introduce selection bias toward 
visually obvious cases. The curated dataset should therefore be interpreted as a high-
confidence subset rather than a statistically exhaustive sample of all violence scenarios in 
public places. The revised manuscript explicitly acknowledges this limitation. A stronger 
protocol for future work would use multiple annotators, documented annotation guidelines, 
and inter-rater agreement statistics. 

Table 1. Dataset sources and construction of the final curated image set. 

Source 
Role in 
pipeline 

Reported raw material Output after curation 

Public online 
violence/non-
violence repository 

Primary 
candidate pool 

11,063 frames (5,832 
violent; 5,231 non-violent) 

Visually screened to retain 
clear violent/non-violent 
interactions 

Rob flow Universe 
search results 

Supplementary 
samples 

Additional violence-
related images/frames 

Screened with the same key-
frame selection criteria 

Final curated dataset 
Model 
development 

Balanced subset 
7,000 images (3,500 violent; 
3,500 non-violent) 

Preprocessing and Augmentation: 
All input images were resized to 256 × 256 pixels and rescaled to the [0, 1] range before 

model training. This standardization ensured that the transfer learning backbone received a 
uniform input size and normalized intensity range. The dataset remained class-balanced after 
curation, which helped reduce bias between violent and non-violent classes. 

To improve generalization, the training pipeline used data augmentation through 
image flipping, rotation, shift, zoom, shear, and brightness variation. These operations increase 
appearance diversity and help the model adapt to changes in viewpoint, motion intensity, and 
illumination. The archived experimental notes list the augmentation types but do not preserve 
their exact numeric ranges; this is acknowledged later as a reproducibility limitation. 
Model Architecture and Transfer Learning Strategy: 

The proposed classifier uses a pre-trained ResNet-50 backbone as a generic feature 
extractor and appends a lightweight binary classification head. After feature extraction and 
pooling, two fully connected layers with 512 and 256 units are used, and each dense layer is 
followed by dropout with a rate of 0.3. The final output layer performs violent vs. non-violent 
scene classification. 

Figure 2 provides a clearer summary of the architecture, including the standard feature-
map sizes produced by ResNet-50 for a 256 × 256 input. Because ResNet-50 is a mature 
backbone with well-understood stage-wise dimensionality, the feature-map sizes can be 
reported explicitly even when the classifier head is task-specific. 
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Figure 2. Revised architecture diagram of the proposed ResNet-50-based model. 

Training Configuration and Evaluation Protocol: 
Training was conducted in a Google Colab environment using an NVIDIA T4 GPU 

with 12 GB of RAM. The revised manuscript preserves the settings reported in the archived 
study: transfer learning with ResNet-50, the two-layer classifier head, dropout regularization, 
stochastic gradient descent with momentum, and early stopping. The training process ran for 
98 epochs. A held-out validation set was used during model monitoring, as reflected by the 
training and validation curves. 

To keep the backbone comparison fair, EfficientNet-B0, VGG-19, and ResNet-50 
were compared under the same preprocessing, augmentation, hardware environment, 
optimization setup, and evaluation metrics. Only the backbone feature extractor differed 
across these experiments. 

The available evaluation metrics are accuracy, precision, recall, and F1-score. The 
present revision also adds extra visual summaries of model performance. However, confusion 
matrices and ROC curves cannot be reconstructed from the archived manuscript alone 
because per-sample prediction scores were not retained in the supplied material. 

Table 2. Reported training settings and reproducibility notes. 

Item Reported setting 

Training environment Google Colab with NVIDIA T4 GPU (12 GB RAM) 

Input size 256 × 256 RGB 

Normalization Pixel values rescaled to [0, 1] 

Backbone Pre-trained ResNet-50 

Classifier head 
Dense(512) → Dropout(0.3) → Dense(256) → Dropout(0.3) → 
Binary output 

Optimizer SGD with momentum 

Stopping rule Early stopping based on held-out validation performance 

Epochs 98 

Metrics Accuracy, precision, recall, and F1-score 

Reproducibility notes 
Exact batch size, split ratios, interpolation kernel, learning-rate 
schedule, and layer-freezing depth were not preserved in the 
archived notes. 

Results and Discussion: 
Training Behavior: 

Figure 3 shows the recorded training and validation curves. The training accuracy rises 
rapidly in the early epochs and then converges gradually, while the validation curve remains 
stable with a relatively small gap from the training curve. The loss curves follow the same 
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pattern: both training and validation loss decrease steadily, which indicates stable optimization 
and only moderate overfitting. 

These curves support the decision to use transfer learning and dropout regularization. 
For a curated image dataset of this size, the pre-trained backbone provides a strong 
initialization and helps the model reach high performance without the significantly larger 
computational cost of training a deep model from scratch. 

 
Figure 3. Training and validation accuracy/loss curves are reported in the study. 

Test-Set Performance: 
Table 3 and Figure 4 summarize the aggregate performance of the proposed model on 

Hockey Fight dataset test images. The highest value is obtained for precision (97.62%), while 
recall remains strong at 96.45%, indicating that the model retrieves most violent scenes while 
keeping false positives low. 

Table 3. Evaluation results of the proposed model on test images. 

S. No. Metric Value (%) 

1 Accuracy 97.25 

2 Precision 97.62 

3 Recall 96.45 

4 F1-score 97.03 

 
Figure 4. Additional visualization of the model’s aggregate test-set metrics. 

Comparison with Other Pre-Trained Backbones: 
To evaluate the suitability of the chosen backbone, the same training pipeline was run 

with EfficientNet-B0, VGG-19, and ResNet-50. Table 4 and Figure 5 show that ResNet-50 
delivers the strongest overall results across all reported metrics. These results suggest that the 
proposed classifier head benefits from the representational depth and stability of ResNet-50 
while remaining lighter than many full video-based models. 

The comparison is fair in the sense that the data preparation, augmentation policy, 
optimization setup, and evaluation metrics were held constant. Only the feature extractor was 
changed. 
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Table 4. Comparison of pre-trained backbones under the same experimental pipeline. 

Backbone Accuracy (%) Precision (%) Recall (%) F1-score (%) 

EfficientNet-B0 96.36 97.05 95.81 96.24 

VGG-19 95.10 96.55 94.42 95.83 

ResNet-50 97.25 97.62 96.45 97.03 

 
Figure 5. Additional comparison plot for the evaluated pre-trained backbones. 

Comparison with Representative Baselines on the Same Dataset: 
Cross-dataset comparison can be misleading because violence datasets differ 

substantially in scene structure, camera angle, crowd density, and annotation policy. For that 
reason, Table 5 compares the proposed model only with representative baselines reported on 
the Hockey Fight dataset. Under the same benchmark setting, the proposed ResNet-50-based 
system achieves the highest accuracy in the comparison set. 

Table 5. Comparison with representative baselines evaluated on the same Hockey Fight 
benchmark. 

Representative baseline Dataset Accuracy (%) 

CNN + SVM Hockey Fight 94.50 

Hough Forests + CNN Hockey Fight 94.60 

VGG-16 Hockey Fight 89.10 

VGG-19 + LSTM Hockey Fight 96.33 

Proposed ResNet-50 + dense head Hockey Fight 97.25 

Discussion with Recent Literature (2024-2025): 
The proposed model performs well because the curated training set reduces 

redundancy and because the pre-trained backbone transfers strong generic visual features to 
the violence-detection task. This lightweight design contrasts with many recent 2024-2025 
approaches that depend on explicit temporal modeling, attention modules, graph reasoning, 
or transformer backbones [17][18][22][24][25][26][29][30][31]. In comparison with those 
methods, the present framework is simpler to train and more computationally economical 
because it avoids clip stacks, optical flow branches, pose graphs, and heavy video transformers. 
For practical surveillance screening, this simplicity is a meaningful advantage, especially where 
hardware or latency constraints make full video modeling difficult. 

A comparison with recent literature also helps position the reported 97.25% accuracy 
more carefully. Recent methods, such as the attention-based 2D CNN model of [17] the real-
time 2D CNN framework of [18], and the fused-feature F3DNN-Net model [19], confirm 
that strong violence recognition can be achieved without always resorting to the heaviest 
architectures. At the same time, newer systems such as CUE-Net [24], graph-based skeleton 
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modeling, and IDG-ViolenceNet show that explicit interaction and temporal reasoning can 
push performance further on challenging datasets, although at the cost of additional model 
complexity. The present results, therefore, support a balanced interpretation: careful offline 
key-frame curation can make a scene-level ResNet-50 pipeline highly competitive on Hockey 
Fight, but richer temporal and relational representations are still likely to be necessary for 
harder public-space scenarios and broader cross-dataset transfer. 
Reproducibility and Limitations: 

At the same time, the approach has clear limitations. First, the model operates on 
individual frames and therefore cannot explicitly reason over motion trajectories, action 
duration, or temporal escalation. Second, it predicts scene-level violence rather than spatially 
localizing the actors or subgroups responsible for the event. This matters because public-place 
violence is often social and relational, involving both aggressors and bystanders in the same 
field of view. 

Third, the manual frame-selection stage may bias the dataset toward visually obvious 
cases and may underrepresent borderline or ambiguous situations. Formal annotation-
reliability measures were not included in the archived study. Finally, although the revised 
manuscript adds extra plots, confusion matrices, and ROC curves still require per-sample 
prediction outputs that were not preserved in the supplied material. Future experimental 
releases should retain those outputs and report exact split ratios, batch size, learning-rate 
scheduling, interpolation mode, and layer-freezing details. 
Conclusion and Future Work: 

This paper presented a revised and more clearly documented violence-detection 
framework for public places based on offline key-frame selection and transfer learning. The 
method constructs a balanced 7,000-image dataset from public online sources, removes 
visually uncertain and redundant frames before training, and uses a ResNet-50 backbone with 
a lightweight dense classification head. Under the reported evaluation setting, the model 
achieves 97.25% accuracy, 97.62% precision, 96.45% recall, and 97.03% F1-score on Hockey 
Fight dataset test images and outperforms the other pre-trained backbones examined in the 
same pipeline. 

Scientifically, the study contributes a dataset-centric perspective to violence detection: 
instead of increasing model complexity, it improves data quality through offline curation. 
However, the approach remains limited by manual selection bias, incomplete temporal 
modeling, and the absence of actor-level localization. Future work should therefore combine 
curated key-frame selection with stronger temporal encoders, explicit localization of violent 
subgroups, more transparent multi-annotator labeling, and richer evaluation artifacts such as 
confusion matrices, ROC curves, and cross-dataset generalization studies. 
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